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1 DETAILED ILLUSTRATION ON THE
HORIZONTAL AXIS OF FIG. 8 IN THE MAIN
PAPER

In Fig. 8 of the main paper, we show Spa-GC-LF/HF and Freq-LC-
LF/HF. Here we illustrate how to compute the frequency ratio on the
horizontal axis.

As the purple boxes shown in Fig. 1, the frequency ratio for
LF/HF is determined by the diagonal length of LF/HF box w.rt. the
diagonal length of the feature map. See ratiorr = tTL, ratiogp = tTH
in the top figure of Fig. 1.

For Spa-GC, we take 75% LF as an example in Fig. 1 (a), the
channel-wise attention map is simply calculated on features inside
75% LF purple box. The cosine similarity of Spa-GC in the right
figure in Fig. 8 in the main paper is calculated between the source
attention map with different ratios of LF/HF and the target attention
map with all the information.

For our Freq-LC, when including whole frequency information,
we can get attention maps A € R™<CXC_ When executing Freq-LC
by a percentage (p € (0, 1]) of LF/HF, we get partial attention maps
A" e RPXmXCXC o complete attention maps with size m x C x C,
replicate padding is adopted to pad the rest attention maps. We take
50% LF as an example for Freq-LC-LF in Fig. 1 (b).

2 IMAGES WITH DIFFERENT
LOW-FREQUENCY RATIOS

We provide the images with various ratios of LF in Fig. 2. As is
indicated in Fig. 2, almost all the energy lies in LF, which dominates
the calculation of Spa-GC.

3 VISUAL RESULTS

The visual results on GoPro [3], HIDE [6], RealBlur-R [5], RealBlur-
J [5] and REDS [4] are shown in Fig. 3- 10. Our model yields more
visually pleasant outputs than other methods on both synthetic /
real-world motion deblurring. Compared with NAFNet64 [1], which
has a competitive performance on GoPro dataset, Fig. 6 shows that
LoFormer is much more robust than NAFNet64.
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(a) Spa-GC (b) Freg-LC

Figure 1: Detailed illustration for Fig. 8 in the main body of
the paper. For the feature in the frequency domain, we take
the diagonal line as the axis of proportional selection. For
the frequency feature X € RPXW, the points on the diago-
nal line is used the define the range of low / high frequency
(LF/HF). Take the point X}, ,, located in [h, w] as an exam-
ple, the attention map with LF/HF ratio (ratiorf / ratioygr) is
done in the set of X; j, wherei < hand j < w (LF),i > handj > w

(HF). ratiojp = tTL,ratioHF = tTH, where t;, = VhZ + w2, ty =

\/(H —h)?+(W-w)%, T = VH? + W2, For Freq-LC, we draw
local windows with the window size b = 2 for simplicity.

GT 75% 50% 25%

]

"o

PSNR 43.20dB 36.67dB 26.80dB

Figure 2: Images with different low-frequency ratios. Almost
all the energy lies in the low frequency which represents the
structure of the image.
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Figure 3: Examples on the GoPro test set.
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Figure 4: Examples on the GoPro test set.
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Figure 5: Examples on the HIDE test set.
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Figure 7: Examples on the RealBlur-J test set.
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Figure 8: Examples on the RealBlur-J test set.
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Figure 10: Examples on the REDS-val-300 set.
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